Modeling qualitative distance words is important for natural language understanding, scene reconstruction and many decision support systems (DSSs) based on a geographic information system (GIS). However, it is difficult to establish the relationship between qualitative distance words and quantitative distance for special applications since the meanings of these words are influenced by both subjective and objective factors. Some existing methods are reviewed, and the Hao-Mendel approach (HMA) is improved to model qualitative distance words for four travel modes by using interval type-2 fuzzy sets (IT2 FSs), aiming at addressing the individual and interpersonal uncertainty among qualitative distance words. The area of the footprint of uncertainty (FOU), fuzziness (entropy), and variance are adopted to measure the uncertainties of qualitative distance words. The experimental results show that the improved HMA algorithm is better than the original HMA algorithm and can be used in spatial information retrieval and GIS-based DSSs.
Introduction
Spatial relations are important for geographical information systems (GISs), artificial intelligence (AI), decision support systems (DSSs) and image analysis [1] [2] [3] [4] [5] ; and they are usually classified as topological relations, directional relations, and distance relations which are further divided into quantitative and qualitative distance relations. The qualitative distance relations describe the proximity between spatial objects using natural language [6] , such as "The Tianjin Binhai International Airport is far away from the Tianjin Railway Station" and "Many hotels are near the Tianjin Railway Station". In these statements, "far" and "near" are vague words that describe qualitative distance relations. From a linguistic point of view, a large number of linguistic distance concepts are available to qualitatively describe distance [7, 8] . In some knowledge-based geospatial analysis and mining systems, the number of the required qualitative distance words depends on the level of granularity; e.g., using "far" and "near" at a rough level and "very close", "close", "medium", "far", and "very far" at a relatively fine level. In addition, another key issue is to determine the semantics of each qualitative distance variable, which is important for natural language understanding, scene reconstruction and many GIS-based DSSs [2, 3] . Although natural language is gradually becoming an important data source for GISs [9] and some studies interpreted fuzzy semantics of natural language spatial relation (NLSR) terms using the fuzzy random forest (FRF) algorithm and fuzzy sets [5, 10] , most GISs currently cannot handle natural language effectively, and most linguistic descriptions about spatial relations cannot be used in current GISs. This issue has not yet been solved; therefore, how to integrate the spatial relationships described in natural language into a GIS is a challenge in the field of GIS [11] .
The relationship between qualitative distance words in natural languages and quantitative distance must be established [12] .
In the past 20 years, many scholars have performed much work to study the connotation of qualitative distance words, including "near", "close to", "adjacent", and "surrounding" [13] [14] [15] . Different methods are used to establish the relationships between qualitative distance words and quantitative distance, and to build context-contingent translation mechanisms and computational models between linguistic proximity descriptors and metric distance measures [16] . However, establishing such a relationship is a very difficult task because it is influenced by many factors, such as the application scene (environment), context, psychological and physiological characteristics of the subject, culture, travel destination and travel mode [6, 11, 13, [15] [16] [17] . From the psychometric testing of perceived proximity, Gahegan noted that the definition of proximity is related to five aspects [13] . Clementini et al. emphasized that the concept of proximity is context dependent [6] . Yao and Thill classified the context factors of proximity perception into objective and subjective factors [11] . Overall, the factors that affect the connotation of qualitative distance are very complex.
Due to the ambiguity of qualitative distance words, many people adopt fuzzy sets to establish the relationships between qualitative distance words and quantitative distance, and these methods generally fall into three types. The first type establishes the distance membership functions directly for the decision system based on the experience of experts [18] . In actual operation, the parameters of the distance membership functions should be adjusted according to the effect of the decision systems; thus, this type of method is very subjective. The second type establishes the connotation expression of the qualitative distances by mining Web text resources related to the qualitative distance descriptions [14, 19] . The advantage of this approach is that the resources of the sampling are very rich, but it is difficult to define valid membership functions because different application scenarios may require different definitions. Another issue is that guaranteeing the authenticity and objectivity of Web text is difficult. For example, when real estate agents are advertising houses, the location of the house relative to other locations of importance can be falsified to promote sales. Therefore, even if a supermarket or school is four kilometers away from a house, the agents may say that the supermarket or the school is near the house. The third type investigates a specific population using questionnaires and obtains knowledge regarding their qualitative distances; a mapping relationship between qualitative distance words and quantitative distance is then established by means of statistics and regression [11, 16, [20] [21] [22] . Compared to the methods mentioned earlier, the methods of this type allow for the dynamic construction of context-contingent proximity models based on sample data. These methods are more suitable for GIS-based DSSs, as these systems are often oriented toward a particular population and a specific task. One problem that exists in the method of Yao and Thill [11, 16] is that it is difficult to quantify these factors because many factors themselves are vague. At the same time, how these factors affect the meaning of qualitative distance words, which may involve the mechanism of cognition, is difficult to determine.
From the perspective of the semantic meaning of spatial vocabulary, the semantics of words that describe the spatial locations and spatial relationships of crisp or fuzzy objects are typically uncertain. Usually, a linguistic distance measure implies a different spatial range for different people. Figure 1 shows three classical fuzzy sets (i.e., type-1 fuzzy sets, T1 FSs) for the distance word "near" perceived by three people, indicating that the same words may have different meanings for different people in the real world. Moreover, there is some semantic uncertainty between these T1 FS models, i.e., interpersonal uncertainty of words [23, 24] . Mendel [25] introduced six principles associated with evaluation methods used to obtain FS models for a word in computing with words (CWW). The T1 FS models of words violate principle three: "Words contain linguistic uncertainties, i.e., words mean different things to different people, and so the FS model that is used to represent a word must be able to incorporate both of these uncertainties". The T1 FS has no ability to handle this kind of semantic uncertainty because the membership degree of a T1 FS is a single value. The main goal of this study is oriented towards CWW; that is, the direct use of natural language words as objects of computation, based on interval type-2 fuzzy set (IT2 FS), is adopted to model qualitative distance words, and then the semantic uncertainty of distance words can be addressed. The Hao-Mendel approach (HMA) [25, 26] is an effective means to estimate the fuzzy set after collecting data related to the words because it is the only method to-date that leads to normal interval type-2 fuzzy sets. However, HMA considers only the uncertainty of the upper membership function of an IT2 FS, not the entire uncertainty of the IT2 FS. To address this, the HMA algorithm is first improved by the entire uncertainty of IT2 FS, called the improved HMA, and then the IT2 FSs for distance words are established by the improved HMA in this study. The remainder of this article is organized as follows. In the second section, some basic concepts related to this article are introduced, such as IT2 FS and CWW. In the third section, the HMA algorithm is improved for distance words. In the fourth section, an experiment is conducted to verify the improved HMA algorithm and then the improved HMA algorithm is compared with the original HMA algorithm using three uncertainty indices. The results show that the improved HMA algorithm is better than the original algorithm. The characteristics of the qualitative distance models established using the improved HMA algorithm are then analyzed based on these three indices. Conclusions are presented in the fifth section. Appendix A is the questionnaire and all Abbreviations and their definitions used in this paper are listed in Appendix B.
Background
In this study, IT2 FSs are used to model distance words. This section introduces concepts such as CWW and IT2 FS. In addition, several uncertain indices related to qualitative distance words are introduced.
CWW
CWW is a methodology in which the objects of computation are words and prepositions drawn from a natural language. CWW was first introduced by Zadeh [27, 28] and has been widely used in market investments, decision-making analyses, automatic control designs, fuzzy queries, data mining, and other fields. According to the existing literature, CWW techniques fall into three categories: membership-function-based models, symbolic linguistic computing models and 2-tuple linguistic models. Each category of models is unique in its advantages and limitations [29] [30] [31] . Li et al. proposed a new CWW framework based on the 2-tuple linguistic model [32] . Such a CWW framework allows people to address personalized individual semantics (PIS) to allow CWW to maintain the idea that words mean different things to different people.
IT2 FS
The T1 FS theories have been applied to many domains because of their ability to model fuzziness. However, the membership degree of a T1 FS is a single value, so T1 FS cannot manage the The main goal of this study is oriented towards CWW; that is, the direct use of natural language words as objects of computation, based on interval type-2 fuzzy set (IT2 FS), is adopted to model qualitative distance words, and then the semantic uncertainty of distance words can be addressed. The Hao-Mendel approach (HMA) [25, 26] is an effective means to estimate the fuzzy set after collecting data related to the words because it is the only method to-date that leads to normal interval type-2 fuzzy sets. However, HMA considers only the uncertainty of the upper membership function of an IT2 FS, not the entire uncertainty of the IT2 FS. To address this, the HMA algorithm is first improved by the entire uncertainty of IT2 FS, called the improved HMA, and then the IT2 FSs for distance words are established by the improved HMA in this study. The remainder of this article is organized as follows. In the second section, some basic concepts related to this article are introduced, such as IT2 FS and CWW. In the third section, the HMA algorithm is improved for distance words. In the fourth section, an experiment is conducted to verify the improved HMA algorithm and then the improved HMA algorithm is compared with the original HMA algorithm using three uncertainty indices. The results show that the improved HMA algorithm is better than the original algorithm. The characteristics of the qualitative distance models established using the improved HMA algorithm are then analyzed based on these three indices. Conclusions are presented in the fifth section. Appendix A is the questionnaire and all Abbreviations and their definitions used in this paper are listed in Appendix B.
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CWW
IT2 FS
The T1 FS theories have been applied to many domains because of their ability to model fuzziness. However, the membership degree of a T1 FS is a single value, so T1 FS cannot manage the errors associated with the membership values of fuzzy objects, as shown in Figure 2a . Zadeh introduced the type-2 fuzzy sets and type-N fuzzy sets to overcome this flaw of T1 FS [28] . The primary membership function of a common type-2 fuzzy set (T2 FS) is a type-1 fuzzy set, which makes computation extremely difficult. Thus, the application of the T2 FS to a real task is comparatively difficult.
The IT2 FS is a special case of T2 FS and it uses an interval to express the primary membership value (Figure 2b ). The IT2 FS is better than the T2 FS in complexity and computation, so it is adopted in this study. Many authors refer to interval type-2 fuzzy sets as type-2 fuzzy sets and add the qualifying term 'generalized' only when discussing non-interval type-2 fuzzy sets [33, 34] . Fuzzifying the spatial data that contain certain types of errors is necessary and can achieve error containment. For example, geological, topographical and environmental parameters are required to assess regional debris flow hazards, and some parameters have vague boundaries. Therefore, the IT2 FS is a more reasonable choice to solve fuzzy geographical problems. The interval-valued fuzzy set (IVFS) is a special case of the IT2 FSs [35] . In this paper, the definition of IT2 FS introduced by Mendel is adopted. errors associated with the membership values of fuzzy objects, as shown in Figure 2a . Zadeh introduced the type-2 fuzzy sets and type-N fuzzy sets to overcome this flaw of T1 FS [28] . The primary membership function of a common type-2 fuzzy set (T2 FS) is a type-1 fuzzy set, which makes computation extremely difficult. Thus, the application of the T2 FS to a real task is comparatively difficult. The IT2 FS is a special case of T2 FS and it uses an interval to express the primary membership value (Figure 2b ). The IT2 FS is better than the T2 FS in complexity and computation, so it is adopted in this study. Many authors refer to interval type-2 fuzzy sets as type-2 fuzzy sets and add the qualifying term 'generalized' only when discussing non-interval type-2 fuzzy sets [33, 34] . Fuzzifying the spatial data that contain certain types of errors is necessary and can achieve error containment. For example, geological, topographical and environmental parameters are required to assess regional debris flow hazards, and some parameters have vague boundaries. Therefore, the IT2 FS is a more reasonable choice to solve fuzzy geographical problems. The interval-valued fuzzy set (IVFS) is a special case of the IT2 FSs [35] . In this paper, the definition of IT2 FS introduced by Mendel is adopted.
( ) Figure 2 . Type-1 fuzzy set, interval type-2 fuzzy set and normal, trapezoid interval type-2 fuzzy number.
Definition 1.
(Interval type-2 fuzzy set) [26] : an IT2-FS in the universe ≠ ∅ is given by:
where is the universe of discourse for the secondary variable u . Note that is a subset of [0, 1] .
For the sake of convenience, the IT2 FS is represented as ( ) = [ ( ), ( ) (0 ≤ ( ) ≤ ( ) ≤ 1), and ( ) and ( ) are the lower membership function (LMF) and upper membership function (UMF), respectively. The footprint of uncertainty (FOU) of an IT2 FS is the uncertainty in the primary memberships , and it has always had the connotation of a geometric object bounded by a UMF and an LMF, as shown in Figure 2b .
The interval type-2 fuzzy set is adopted to model qualitative distance words as shown in Figure  2c . It is a normal, trapezoid interval type-2 fuzzy number that can be expressed as:
where ( ) and ( ) are the LMF and UMF, respectively. They can be expressed as:
and Figure 2 . Type-1 fuzzy set, interval type-2 fuzzy set and normal, trapezoid interval type-2 fuzzy number.
(Interval type-2 fuzzy set) [26] : an IT2-FS A in the universe X = ∅ is given by:
where U is the universe of discourse for the secondary variable u. Note that U is a subset of [0, 1].
For the sake of convenience, the IT2 FS is represented as
, and A − (x) and A + (x) are the lower membership function (LMF) and upper membership function (UMF), respectively. The footprint of uncertainty (FOU) of an IT2 FS A is the uncertainty in the primary memberships A, and it has always had the connotation of a geometric object bounded by a UMF and an LMF, as shown in Figure 2b .
The interval type-2 fuzzy set is adopted to model qualitative distance words as shown in Figure 2c . It is a normal, trapezoid interval type-2 fuzzy number that can be expressed as:
where A − (x) and A + (x) are the LMF and UMF, respectively. They can be expressed as:
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IT2 FS Uncertainty Measures
Three uncertainty indices of IT2 FSs are used in this study to measure the uncertainties of IT2 FS models corresponding to qualitative distance words: area of the FOU, fuzziness (entropy) and variance [36] . The fuzziness (entropy) is an uncertainty measure of the membership domain, and variance is an uncertainty measure of the Euclidean space domain.
Fuzziness (Entropy) of an IT2 FS
The fuzziness (entropy) of an FS can quantify the amount of ambiguity of a fuzzy set. Many definitions of fuzziness for IT2 FSs have been proposed [36] [37] [38] .
Definition 2. The fuzziness of an IT2 FS A proposed by Burillo and Bustince, denoted by F BB ( A), is defined as [37] :
Definition 3. The fuzziness of an IT2 FS A proposed by Wu and Mendel [36] , denoted by F W M ( A), is the union of all cardinalities of its embedded T1 FSs A e , i.e.,:
where
To compute f l ( A) and f r ( A), let A e1 be defined as:
and let A e2 be defined as:
, and f r ( A) = f (A e2 ).
Variance of an IT2 FS
The variance in a T1 FS A measures its compactness; i.e., a smaller (larger) variance means that A is more (less) compact.
Definition 4. The variance V( A) of an IT2 FS
A is the union of relative variance of all its embedded T1 FSs A e ; i.e.,:
is the relative variance of an embedded T1 FS A e relative to the IT2 FS A, and c( A) is the average centroid of A, which can be calculated using the KM algorithms [39, 40] .
v A (A e ) are the minimum and maximum relative variances of all A e , respectively.
Modeling Qualitative Distance Words
The HMA algorithm is used to model adverbs as IT2 FSs in the interval [0, 10], such as "very little" and "moderately". It is composed of two parts: data processing and fuzzy sets. As discussed before, the semantic connotation of distance words may be affected by the travel mode; that is, different travel modes may have different spatial ranges. For example, generally, we estimate that the spatial range of the walking distance of ordinary human subjects is [0, 3] km, and the spatial range of the cycling distance is [0, 10] km. A spatial distance larger than 20 km may be very far for the two travel modes. The upper limit of "very far" is uncertain and can even be infinitely large. Therefore, the HMA algorithm is not suitable for modeling qualitative distance. In addition, the HMA algorithm calculates the parameters of an IT2 FS by using only the standard deviation intervals and the standard deviation of the UMF of the IT2 FS, but ignores the standard deviation of the LMF of the IT2 FS. In other words, this algorithm does not consider the entire uncertainty of the IT2 FS. As a result, the HMA algorithm must be improved to model qualitative distance. For the sake of discussion, the qualitative distance linguistic variable consists of five words in this study, i.e., "very near (Vnear)", "near", "medium", "far", and "very far (Vfar)". The membership functions of each word can be determined using the improved HMA algorithm.
Collecting Data
Four travel modes are considered in this study: walk, bicycle, public transportation and train. The first three are interurban travel modes, whereas the fourth is a travel mode between cities. Via questionnaires, the distance interval sets corresponding to the five qualitative distance words for each travel mode are obtained. As mentioned in Section 1, the factors affecting the qualitative distance relationships are very sophisticated, and the impact of each factor is impossible to quantify. Therefore, the data uncertainty should be reduced by the following assumptions: (1) The scope of the survey is limited to grade 3 and 4 university students, as most of them are aged 21 to 23 years old and are familiar with the city environment; (2) the geographical environment is normal; i.e., mountains, deserts or other special environments are not considered; (3) the physical condition of each respondent is normal, and the weather is also normal. Some special physical conditions are not considered, including illnesses and hunger or special weather conditions such as snow, low temperatures and strong winds; (4) For the four travel modes, the lower limit is 0, and the upper limits are 5 km, 10 km, 30 km and 2000 km, respectively; (5) the intervals obtained from one person for the five words cannot overlap, and there is no gap between them; (6) a normal goal is set for each travel mode, as urgent tasks affect our perception of distance. The questionnaire used in this study is attached in Appendix A.
The Improved HMA Algorithm
As discussed previously, the original HMA algorithm does not consider the entire uncertainty of the IT2 FS; in this section it is improved by the entire uncertainty of the IT2 FS, and called the improved HMA. This improved HMA is still based on the questionnaire, and five interval sets corresponding to the five distance words for each travel mode are obtained. For the j-th word, the i-th subject provides interval endpoints a i,j and b i,j , and the group of n subjects provides [a, b] 
In this study, the variables are normalized by the upper limit value to l = 0 and r = 10.
Data Processing
During data processing, statistics and probability are used to handle these interval sets and to reduce model uncertainty corresponding to distance words. This part involves five steps:
(1) Correcting and removing bad data. As not everyone takes a survey seriously, some bad data may seriously pollute the interval sets and affect the statistics. To ensure the correctness of the statistical results, the intervals of the i-th subject should be removed if one of the following four conditions is true: (1) The data intervals of the i-th subject overlap with each other; (2) there is some gap between these intervals; (3) the value a of the interval that corresponds to "very far" is greater than the threshold; (4) all intervals of the i-th subject are much larger or smaller than others. If the value b of the interval corresponding to "very far" is greater than the threshold (different thresholds for four travel modes are set in Section 3.1), then b should be set as the threshold. If the value a of the interval corresponding to "very near" is greater than 0, then a should be set to 0. n subject intervals will remain. (2) Normalizing the data. As mentioned previously, the thresholds for the four travel modes are different. For the sake of convenience, these data should be normalized into a unified range. All n subject intervals are normalized into the same range [0, 10] using the threshold value, and l = 0 and r = 10 are set. (3) Performing outlier processing. To remove some of the noise in the data set, outlier processing is necessary. In this section, the box and whisker tests [41] are performed for the remaining n intervals, i.e., only the intervals satisfying Equation (10) are kept
where Q a (Q b , Q L ) and IQR a (IQR b , IQR L ) are the quartile and interquartile ranges for the left (right) endpoints and the interval length, with
After outlier processing, m data intervals will remain for which the following data statistics will then be computed: m a , σ a , m b , σ b , m L , σ L (mean and standard deviation of the m left endpoints, right endpoints and the lengths of these intervals).
(4) Performing tolerance limit processing on the remaining m intervals simultaneously. The goal of this stage is to guarantee that the data intervals fall within an acceptable two-sided tolerance limit. Only intervals satisfying Equation (11) are kept.
where k is the tolerance factor (refer to Reference [32] for detailed information). After tolerance limit processing, m data intervals will remain, and the data statistics m a , σ a , m b , σ b , m L , σ L will then be recomputed.
(5) Performing reasonable interval processing. The goal of this stage is to remove data intervals that do not overlap or overlap only slightly with other data intervals. First, the point that best separates the left and the right endpoints set must be found.
where m a ≤ ξ * ≤ m b . Then, only intervals satisfying Equation (13) are kept. This step reduces the m interval endpoints to m interval endpoints. The data statistics m a , σ a , m b , σ b are then recomputed.
Therefore, the original n data intervals are reduced to a set of m data intervals via this data pre-processing.
Establishing IT2 FSs for Distance Words
As mentioned previously, the original HMA uses the upper membership function to estimate the IT2 FS parameters of words; that is, the standard deviation of a sample is equal to the standard deviation of the UMF in the original HMA, but it does not consider the LMF uncertainty. Consequently, this measurement is unilateral, and the uncertainties of these IT2 FSs may be exaggerated. As we know, the FOU of an IT2 FS is constructed by the LMF and UMF, and it is a description of the overall uncertainty of an IT2 FS. The uncertainties of an IT2 FSs may not be exaggerated if the FOU is considered for estimating its parameters. Therefore, in this study, the entire uncertainty (the FOU area) is adopted to estimate the parameters of IT2 FSs of words. First, the type of FOU of each word must be determined. Next, the overlap interval in [a, b] i (0 < i ≤ m) must be found. Then, the parameters of the IT2 FS should be determined. The improved HMA consists of the following four steps: Next, the types of FOU that correspond to each word can be classified as follows:
Interior FOU otherwise [ The centroid of , and the average centroid, c , are induced by the mean of T1 embedded set of (more information refers to the "Appendix A" of literature [14] ) and expressed as:
In Reference [14] , the standard deviation of the UMF is used to calculate unknown parameters. Obviously, this value cannot represent the uncertainty of the FOU, while the area of the FOU can 
The centroid of L, C L and the average centroid, c( L), are induced by the mean of T1 embedded set of L (more information refers to the "Appendix A" of literature [14] ) and expressed as:
In Reference [14] , the standard deviation of the UMF is used to calculate unknown parameters. Obviously, this value cannot represent the uncertainty of the FOU, while the area of the FOU can reflect the global uncertainty of the membership degree of this FOU. Thus, the area of the FOU is adopted here and is computed as:
Then, a l and a r can be calculated as:
such that
The max operation prevents a l and a r from being negative. Similarly, b l and b r can be calculated as:
where 
Experimental Results and Analysis
A questionnaire survey was conducted at the School of Geographic and Environmental Sciences, Tianjin Normal University in October 2017. The subjects of this questionnaire survey are grade 3 and 4 university students, and the hometown of most of these subjects is Tianjin City, so they are familiar with the city. The language of this questionnaire is Chinese, and the language used in the questionnaire listed in the Appendix A is the second language of these subjects. During the survey, six assumptions or conditions regarding the respondents were stressed and 86 valid questionnaires were collected and analyzed using four Excel forms. Then, based on the improved HMA algorithm, the parameters of IT2 FSs corresponding to the five qualitative distance words for the four travel modes were calculated (Table 1) . These IT2 FSs are presented in Figures 4-7 . 
General Description of the Qualitative Distance Model
The results were independently reviewed by an entirely separate group of 10 adults, and they all agreed that the results were consistent with actual situations. Regarding the IT2 FSs for each travel mode, the membership value is equal to 1 in the interval [a These two intervals have direct directives. Using walking distance as an example, the membership function of the IT2 FS that corresponds to "medium" takes the value of 1 for the distance interval [0.70, 0.80] km, indicating that when most people consider a distance within this interval, they estimate that it is suitable for walking. The interval [1.50, 1.60] km can be estimated to belong to the range of "far", for which people are likely to choose other transportation modes. When the distance is longer than 3 km, the corresponding range is "very far"; at these distances, people generally forego walking and choose other travel modes. For cycling, the distance interval [2.00, 2.20] km is certainly suitable, but when the distance is approximately [3.50, 4 .00] km, people may hesitate to ride a bicycle. In general, when the distance is greater than 6 km, people choose public transportation, such as buses, subways and taxis.
For travel between cities, the distance interval [120, 150] km is estimated to correspond to "near", as more than 20 thousand km of high-speed railways have been built in China, covering almost all the major cities in China. The speed of these railway trains is approximately 300 km/h; thus, people often say that Beijing is close to Tianjin. When the distance is greater than 1000 km, people may hesitate to travel along the high-speed railway, as the time spent and cost of traveling by train may be greater than those when traveling by airplane.
Figures 4-7 and Table 1 show that the IT2 FSs are asymmetrical. For the four travel modes, L C and L S gradually increase as the distance increases from very near to very far, with a more obvious increase in L S than that in L C . This result intuitively illustrates that the words "far" and "very far" are more ambiguous than "near" and "very near" for all four travel modes.
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Comparison with HMA
In Euclidean space, the domain of quantitative distance is a semi-closed set, i.e., [0, ∞). Thus, it is difficult to determine the upper limit of "Vfar" in real applications, and different upper limits of "Vfar" can yield different IT2 FSs, which may lead to different measures of uncertainty. Consider the train travel mode as an example. If its upper limit is less than 1800 km, the FOU, cardinality, fuzziness and variance of the IT2 FSs may be different for different upper limits. If its upper limit is larger than 1800 km, the FOUs of different IT2 FSs, which are modeled using different upper limits, are equal; in 
In Euclidean space, the domain of quantitative distance is a semi-closed set, i.e., [0, ∞). Thus, it is difficult to determine the upper limit of "Vfar" in real applications, and different upper limits of "Vfar" can yield different IT2 FSs, which may lead to different measures of uncertainty. Consider the train travel mode as an example. If its upper limit is less than 1800 km, the FOU, cardinality, fuzziness and variance of the IT2 FSs may be different for different upper limits. If its upper limit is larger than 1800 km, the FOUs of different IT2 FSs, which are modeled using different upper limits, are equal; in contrast, their cardinality and variance are not equal. Notably, the values of the LMF and UMF of the IT2 FSs corresponding to "Vfar" for the four travel models are equal to 1 when the quantitative distance is larger than a 2 ), should be set for convenience of analysis. Then, the area of the FOU, cardinality, fuzziness, and variance of these IT2 FSs, modeled using the improved HMA and the original HMA, are calculated, as shown in Table 2 . The two rows, Fuzziness 1 and Fuzziness 2, are computed based on the definitions in References [36, 38] respectively, and the value in the Total column is the sum of the columns Vnear, Near, Medium, Far and Vfar. As mentioned previously, the FOU is the uncertainty measure of the primary memberships of a T2 FS. Thus, a small FOU area indicates low uncertainty regarding the IT2 FS; in geometric terms, an IT2 FS with a smaller FOU area is thinner than that with a larger FOU area. Table 2 shows that the total area of the FOU of these IT2 FSs modeled by the improved HMA is smaller than that obtained by the original HMA. Moreover, the fuzziness (entropy) and variance of these IT2 FSs modeled by the improved HMA are smaller than those by the original HMA, having a strong correlation with the area of the FOU. Therefore, in terms of uncertainty, the improved HMA is better than the original HMA.
Compactness and Fuzziness Analysis
As introduced earlier, the quantity variance is an uncertainty measure in the spatial domain. For the four travel modes, from "Vnear" to "Vfar", the variance increases; for example, the variance of the IT2 FS of "Vnear" is 867, whereas that of "Vfar" is 145,663. The variances of IT2 FSs for traveling by train and walking experience the most significant increases, followed by bicycle travel. Particularly, for bicycle and public transportation, the variance value of the IT2 FS of "Vnear" is larger than that of "near". This shows that for these four travel modes, people's cognitive ambiguity regarding "very far" or "far" is larger than that of "near", whereas for bicycle and train modes, the cognitive ambiguity of "Vnear" is larger than that of "near". The variation tendency of fuzziness is similar to that of variance, especially for Fuzziness 2. The values of the IT2 FS of "Vfar" in the row of Fuzziness 2 are significantly larger than those of "Vnear".
In summary, no matter what the travel mode is, the semantic uncertainty of "Vfar" is the greatest, whereas the uncertainty of "near" ("Vnear") is the smallest. In other words, the spatial scope of "near" is easy for people to agree on, but there is a large difference in the spatial ranges of "far" and "Vfar".
Comparison with Other Methods
In Sections 4.3 and 4.4, we present a full comparison of the improved and original HMAs and show that the improved HMA is better than the original. As discussed in the Introduction, there are three types of methods typically used to establish the relationships between qualitative distance words and quantitative distances. In this section we present a comparison with these methods.
The parameters of the distance membership functions in the first type directly depend on the experience of the experts and are extremely subjective. In addition, a complex decision support application often involves multiple experts, and these experts have different understandings of qualitative distance words. As Yao and Thill [11] noted, a linguistic distance measure, e.g., near, implies different trip distances for different people. Therefore, the fuzzy membership functions of distance words based on their personal cognitive habits are likely to be inconsistent, as shown in Figure 8 . In other words, membership functions established by this method do not reflect the semantic uncertainty among experts. The data used in the proposed method are from multiple subjects, and the semantic uncertainty of subjects can be expressed through the upper and lower membership functions, thereby yielding a more objective method. The second type method discussed in section one involves establishing membership functions by collecting data from Web text. The context of a distance word in Web text may be different, and the semantics of qualitative distance words depend on context [11, 16, 21] . Therefore, it is difficult to establish membership functions of distance words for a specific context or specific task based on this method. Additionally, the membership functions established in this manner are type 1; therefore, they cannot express the semantic uncertainty of words among different people. The third type methods discussed in section one are used to establish fuzzy sets corresponding to qualitative distance words through questionnaires. In the spatial relation acquisition station (SRAS) [9, 28] , subjects answer questions as YES or NO based on a map, such as "Is the city of Blackshear close to Douglas?", then the fuzzy distance relation between geographical features can be derived by fuzzy logic method. While Robinson's effort is worthwhile in many respects, it does not incorporate the influence of the context of the query on the mapping of proximity spatial relations [11] . But beyond that, it has no ability to establish fuzzy sets for distance words. Yao and Thill [16] highlighted the importance of context and noted that considering the relationship between the context and the metric properties of data is necessary. Additionally, the Adaptive Neurofuzzy Inference System (ANFIS), a Takagi-Sugeno fuzzy inference system, was adopted, and the linguistic proximity measure was predicted based on the metric distance and contextual factors and expressed as c_ = f( _ , _ ) based on fuzzy rules. The prediction is affected by the number of factors, types of factors, fuzzification method, and the rules and reasoning of the model. For example, as previously noted, it is difficult to fuzzify these factors, and unsuitable fuzzification methods may introduce new uncertainty. However, the translation from metric distance to linguistic distance in Reference [16] is inexplicit. Grütter et al. [43] claimed that this process does not support the translation of local prepositions, such as "near" or "far", into distance measures processed in metric systems and that the information required to link the numerous contextual variables may not be available in practical applications. Hence, it is often difficult to implement these processes on large scales. In Yao and Thill's other method [11] , namely the Ordered Logit Regression approach, probability functions of distance words are induced by Ordered Logit Regression; however, the maximum value of the first four functions is less than 1, which is contrary to human cognition, because in general, we can always determine a spatial range and the distance between this range to the reference object is near or far away. Although many methods abovementioned could be used to establish FS models for distance words, to the best of our knowledge, they are related to T1 FS models and violate principle three introduced in Section 1. Because the membership function of a type-1 FS does not provide flexibility for simultaneously incorporating both types of linguistic uncertainty, it is therefore scientifically incorrect to model a word using a T1 FS [23] . Our method uses an IT2 FS to model distance words, can handle both types of linguistic uncertainty, and is context dependent. Overall, the proposed method is better than the other methods discussed.
Practical Application
In this section, a case study on natural language spatial queries was used to illustrate the usefulness and effectiveness of our presented methods. The Haihe River is the main river in Tianjin City, and the surrounding area of the upstream part of the Haihe River is the city center. The infrastructure in this region is very mature. There are many famous and desirable primary schools in this region. If a school is too close to the river, children will sneak off to the riverside to play. This is very dangerous for children, so parents tend not to favor such schools. As a result, it is useful to determine which primary school is a medium distance from (not too near) the upstream section of the Haihe River, and the results can provide advice for parents' guidance to choose primary schools. The third type methods discussed in section one are used to establish fuzzy sets corresponding to qualitative distance words through questionnaires. In the spatial relation acquisition station (SRAS) [9, 28] , subjects answer questions as YES or NO based on a map, such as "Is the city of Blackshear close to Douglas?", then the fuzzy distance relation between geographical features can be derived by fuzzy logic method. While Robinson's effort is worthwhile in many respects, it does not incorporate the influence of the context of the query on the mapping of proximity spatial relations [11] . But beyond that, it has no ability to establish fuzzy sets for distance words. Yao and Thill [16] highlighted the importance of context and noted that considering the relationship between the context and the metric properties of data is necessary. Additionally, the Adaptive Neurofuzzy Inference System (ANFIS), a Takagi-Sugeno fuzzy inference system, was adopted, and the linguistic proximity measure was predicted based on the metric distance and contextual factors and expressed as Linguistic_Distance = f(Metric_Distance, Context_Factors) based on fuzzy rules. The prediction is affected by the number of factors, types of factors, fuzzification method, and the rules and reasoning of the model. For example, as previously noted, it is difficult to fuzzify these factors, and unsuitable fuzzification methods may introduce new uncertainty. However, the translation from metric distance to linguistic distance in Reference [16] is inexplicit. Grütter et al. [43] claimed that this process does not support the translation of local prepositions, such as "near" or "far", into distance measures processed in metric systems and that the information required to link the numerous contextual variables may not be available in practical applications. Hence, it is often difficult to implement these processes on large scales. In Yao and Thill's other method [11] , namely the Ordered Logit Regression approach, probability functions of distance words are induced by Ordered Logit Regression; however, the maximum value of the first four functions is less than 1, which is contrary to human cognition, because in general, we can always determine a spatial range and the distance between this range to the reference object is near or far away.
Although many methods abovementioned could be used to establish FS models for distance words, to the best of our knowledge, they are related to T1 FS models and violate principle three introduced in Section 1. Because the membership function of a type-1 FS does not provide flexibility for simultaneously incorporating both types of linguistic uncertainty, it is therefore scientifically incorrect to model a word using a T1 FS [23] . Our method uses an IT2 FS to model distance words, can handle both types of linguistic uncertainty, and is context dependent. Overall, the proposed method is better than the other methods discussed.
In this section, a case study on natural language spatial queries was used to illustrate the usefulness and effectiveness of our presented methods. The Haihe River is the main river in Tianjin City, and the surrounding area of the upstream part of the Haihe River is the city center. The infrastructure in this region is very mature. There are many famous and desirable primary schools in this region. If a school is too close to the river, children will sneak off to the riverside to play. This is very dangerous for children, so parents tend not to favor such schools. As a result, it is useful to determine which primary school is a medium distance from (not too near) the upstream section of the Haihe River, and the results can provide advice for parents' guidance to choose primary schools. In Reference [33] , we divided the river into upstream, midstream and downstream sections by using the fuzzy partition method as shown in Figure 9 . In Reference [33] , we divided the river into upstream, midstream and downstream sections by using the fuzzy partition method as shown in Figure 9 . In Section 4.1, the IT2 FS corresponding to "medium" distance by cycle is = [(0.74,2.0,2.2,3.07), (1.26,2.0,2.2,2.83) . The region with medium distance to the Haihe River by bicycle can be determined by the fuzzy logic method [33] , shown in Figure 10a ,b. Schools located in the medium distance, which is modeled as IT2 FS to the upstream of the Haihe River, are listed in Table 3 , we can see that the membership degree of each school belonging to the "medium" distance to the upstream of Haihe River is an interval value, i.e., the membership grade of "KUN MING LU XIAO XUE" is [0.9568, 0.9767], and error of membership grade is 0.0199. When the upper membership grade decrease from 1 to 0.5, the error of membership grade increases from 0 to 0.4219. It means that when the upper membership grade is near to 0.5, the semantic uncertainty is great. On the contrary, when the distance words are modeled as T1 FS, the membership grade is a singleton and the error of membership grade cannot be measured. So, modeling distance words as IT2 FS is more reasonable and flexible than modeling as T1 FS.
On the other hand, we obtain 71 primary schools in this region by optimistic query when the upper membership grade is greater than 0.5, shown in Figure 10c . and we can obtain 50 primary schools by pessimistic query when the lower membership grade is greater than 0.5, shown in Figure   Figure 9 . Fuzzy interior division of the Haihe River, adapted from [33] In Section 4.1, the IT2 FS corresponding to "medium" distance by cycle is A = [(0.74, 2.0, 2.2, 3.07), (1.26, 2.0, 2.2, 2.83)]. The region with medium distance to the Haihe River by bicycle can be determined by the fuzzy logic method [33] , shown in Figure 10a ,b. Schools located in the medium distance, which is modeled as IT2 FS to the upstream of the Haihe River, are listed in Table 3 , we can see that the membership degree of each school belonging to the "medium" distance to the upstream of Haihe River is an interval value, i.e., the membership grade of "KUN MING LU XIAO XUE" is [0.9568, 0.9767], and error of membership grade is 0.0199. When the upper membership grade decrease from 1 to 0.5, the error of membership grade increases from 0 to 0.4219. It means that when the upper membership grade is near to 0.5, the semantic uncertainty is great. On the contrary, when the distance words are modeled as T1 FS, the membership grade is a singleton and the error of membership grade cannot be measured. So, modeling distance words as IT2 FS is more reasonable and flexible than modeling as T1 FS.
On the other hand, we obtain 71 primary schools in this region by optimistic query when the upper membership grade is greater than 0.5, shown in Figure 10c . and we can obtain 50 primary schools by pessimistic query when the lower membership grade is greater than 0.5, shown in Figure 10d . So, there are 21 difference between the optimistic and pessimistic query. However, when the distance word is modeled as T1 fs, due to it not being able to express the semantic uncertainty, users can only query in one way, and the result of the query is more arbitrary and monotonous than the method proposed in this paper. 10d. So, there are 21 difference between the optimistic and pessimistic query. However, when the distance word is modeled as T1 fs, due to it not being able to express the semantic uncertainty, users can only query in one way, and the result of the query is more arbitrary and monotonous than the method proposed in this paper. 
Conclusions
People use qualitative distance words to describe the approximate positions of objects relative to one another in natural languages. The meanings of qualitative distance words depend on objective factors. If these words are used by people in different contexts, their connotations will be different. Therefore, a unified fuzzy set representation of qualitative distance words is impossible to establish for all GIS-based decision support systems. In other words, the fuzzy set representation of distance words can be obtained for specific tasks. First, aiming at the shortcomings of the original HMA algorithm, the HMA method is improved by introducing the area of the FOU. Then, the improved HMA algorithm is used to establish the IT2 FS representation of qualitative distance words. Three uncertainty indices, i.e., the area of the FOU, fuzziness (entropy), and variance, are used to measure the uncertainties of these IT2 FSs. Experimental results show that the values of these indices for the IT2 FSs obtained by the improved HMA algorithm are smaller than those obtained by the original HMA algorithm. This indicates that the improved HMA algorithm is better than the original algorithm. In addition, it shows that the semantic uncertainty of "Vfar" is the greatest, while that of "very near" ("Vnear") is the smallest, no matter which travel mode is considered. Hence, the cognitive fuzziness of "far" is larger than that of "near". In other words, the spatial scope of "near" is easy for people to agree on, but there is a large difference in the spatial range of "far".
The qualitative distance, topological relationship and direction relationship are often used together to describe a spatial position in natural languages. Therefore, in a follow-up study, the IT2 FS representation of the qualitative distance established in this study will be used to study the semantic spatial relationship by being combined with topological and direction relationships.
